The Global Satellite Navigation System (GNSS) used in various location-based services is accurate and stable in outdoor environments. However, it cannot be utilized in an indoor environment because of low signal availability and degradation of accuracy due to the multipath distortion of satellite signals in urban areas. On the contrary, LTE signals are available almost everywhere in urban areas and are quite stable without much variation throughout the year. This is because of the fixed location of base stations and the well-maintained policy of mobile communication service providers. Its varied stability and reliability make LTE signals a more viable method for localization. However, there are some complexities in utilizing LTE signals including signal interference distortion phenomena during propagation multipath fading, and various types of noise. In this paper, we propose a surface correlation-based fingerprinting method to utilize LTE signals for localization in urban areas. The surface correlation converts timely measured signal strength into spatial pattern using the walking distance from a Pedestrian Dead-Reckoning (PDR). The surface correlation is carried out by comparing the spatial signal strength pattern of a pedestrian's movement trajectory with a fingerprinting database to estimate the location. A reference trajectory of the moving pedestrian is chosen to have a greater correlation among the multiple trajectory candidates generated from a link-based fingerprinting database. By comparing spatial signal strength patterns, the proposed method can improve robustness in localization overcoming the accuracy degradation problem due to RF multipath and noise that are dominant in the conventional RSS measurement-based LTE localization scheme. The test results in urban areas demonstrate that the proposed surface correlation-based fingerprinting method has improved performance compared to the other conventional methods, thus proving to be a useful complementary method to the GNSS in urban areas.
Introduction
Recently, the rapid development of wireless communication technology has increased the dependency of human life on location-based services. Reliable localization technology is widely applied to various fields such as gaming, social networking service, industrial safety, as well as current vehicle navigation systems. The most commonly used technology for localization is the Global Satellite Navigation System (GNSS). It is obvious that GNSS is the most efficient and accurate in the outdoor environment. However, in complex urban areas or indoor environments, the accuracy of the GNSS is acutely degraded due to signal unavailability and the multipath fading of the satellite signals [1] . on instantaneous RSS measurements as in the conventional fingerprinting method. This spatial RSS pattern not only improves the accuracy and stability of localization performance by reducing ambiguity but also increases the availability of the LTE-based localization technology. The contributions of this study are following:
•
We develop an SC-based fingerprinting technology that computes a location through comparison of spatial RSS patterns, rather than instantaneous RSS data as applied in the conventional fingerprinting method, between the database and measurements.
For comparison between the measurements and database, we develop methods for generating spatial RSS patterns from them according to the movement of a pedestrian.
• We obtain accurate and stable location information by using few LTE base stations even in error-prone urban areas.
The paper is organized as follows: Section 2 provides an overview of the state-of-the-art surface correlation approach to the proposed fingerprinting method. Section 3 describes the details of its application on the fingerprinting method. The performance of the proposed fingerprinting method is discussed in Section 4. Finally, Section 5 presents conclusions drawn in this work.
Algorithm Overview
Generally, a fingerprinting method involves an offline phase and an online phase. In the offline phase, a survey is performed to construct a fingerprinting database as displayed in Figure 1 . This is achieved by storing the RSS of signals received from surrounding signal sources at a specified Reference Point (RP). In the online phase, a terminal device measures the RSS received from surrounding signal sources and estimates location by searching the RP with similar fingerprint. As shown in Figure 1 , the RSS measurement in the conventional fingerprinting method is through instantaneous RSS data, which can increase ambiguity due to noise and distortion by the surrounding environment. While the effects of noise and distortion are low in areas with high RSS, it is impossible for stable and accurate localization due to the increased ambiguity in areas with very low RSS such as deep urban areas. than relying just on instantaneous RSS measurements as in the conventional fingerprinting method. This spatial RSS pattern not only improves the accuracy and stability of localization performance by reducing ambiguity but also increases the availability of the LTE-based localization technology. The contributions of this study are following:
• We develop an SC-based fingerprinting technology that computes a location through comparison of spatial RSS patterns, rather than instantaneous RSS data as applied in the conventional fingerprinting method, between the database and measurements.
• For comparison between the measurements and database, we develop methods for generating spatial RSS patterns from them according to the movement of a pedestrian.
• We obtain accurate and stable location information by using few LTE base stations even in errorprone urban areas.
Generally, a fingerprinting method involves an offline phase and an online phase. In the offline phase, a survey is performed to construct a fingerprinting database as displayed in Figure 1 . This is achieved by storing the RSS of signals received from surrounding signal sources at a specified Reference Point (RP). In the online phase, a terminal device measures the RSS received from surrounding signal sources and estimates location by searching the RP with similar fingerprint. As shown in Figure 1 , the RSS measurement in the conventional fingerprinting method is through instantaneous RSS data, which can increase ambiguity due to noise and distortion by the surrounding environment. While the effects of noise and distortion are low in areas with high RSS, it is impossible for stable and accurate localization due to the increased ambiguity in areas with very low RSS such as deep urban areas. The SC method compares RSS patterns accumulated during movement with the fingerprinting database to estimate the location. The SC method can provide high performance (availability) regardless of the high and low areas of the LTE signal strength because it compares the spatial RSS variation pattern, not instantaneous data, with the reference pattern from the database. In this paper, we define the RSS pattern accumulated during movement, i.e. the spatial RSS pattern, as the Surface. We have already shown that the performance of the conventional fingerprinting method improves by comparing a one-dimensional fingerprinting database with spatial RSS patterns [22, 23] . An urban area is a two-dimensional space with multiple roads combined, not just a simple one-dimensional space. Therefore, the SC method requires the generation of reference RSS patterns that match with a pedestrian's route from the fingerprinting database for comparison between the measured spatial RSS pattern (Surface) and the database. To do this, it is required to construct a link-centered database rather than an RP-oriented database as seen in the conventional fingerprinting method. The SC method consists of four processes for localization: (1) domain conversion of RSS measurements; (2) generation of reference trajectory from a fingerprinting database; (3) correlation; (4) localization.
Surface Correlation-based Fingerprinting Method

Fingerprinting Database
Generally, the fingerprinting database consists of the coordinates of RPs and RSS data from surrounding BS at the RP location. As mentioned above, the SC method compares spatial RSS patterns generated during pedestrian movement with the database; thus, it is necessary to generate a reference trajectory matching with the pedestrian's route from the database. Therefore, it utilizes a database of 'link-node' structures to generate the reference trajectories dynamically. The link is generated based on crossroads and consists of a set of RPs as shown in Figure 2 . The crosspoint connecting each link is defined as a node. The fingerprinting database can be expressed as follows:
where, RP l k is the kth RP on the lth link, (x,y) is the coordinate of RP, PCI n is Physical Layer Cell ID (PCI) of nth BS, and RSS n is the received signal strength from PCI n , respectively. The reference trajectory, which matches the route of a pedestrian, is generated through a combination of RP l k . The SC method compares RSS patterns accumulated during movement with the fingerprinting database to estimate the location. The SC method can provide high performance (availability) regardless of the high and low areas of the LTE signal strength because it compares the spatial RSS variation pattern, not instantaneous data, with the reference pattern from the database. In this paper, we define the RSS pattern accumulated during movement, i.e. the spatial RSS pattern, as the Surface. We have already shown that the performance of the conventional fingerprinting method improves by comparing a one-dimensional fingerprinting database with spatial RSS patterns [22, 23] . An urban area is a two-dimensional space with multiple roads combined, not just a simple one-dimensional space. Therefore, the SC method requires the generation of reference RSS patterns that match with a pedestrian`s route from the fingerprinting database for comparison between the measured spatial RSS pattern (Surface) and the database. To do this, it is required to construct a link-centered database rather than an RP-oriented database as seen in the conventional fingerprinting method. The SC method consists of four processes for localization: (1) domain conversion of RSS measurements; (2) generation of reference trajectory from a fingerprinting database; (3) correlation; (4) localization.
Surface Correlation-based Fingerprinting Method
Fingerprinting Database
where, is the kth RP on the lth link, (x,y) is the coordinate of RP, is Physical Layer Cell ID (PCI) of nth BS, and RSSn is the received signal strength from PCIn, respectively. The reference trajectory, which matches the route of a pedestrian, is generated through a combination of . 
Domain Conversion
RSS measurement is distributed in the time domain since it is measured at a certain time interval on a terminal device. Thus, it can be expressed as: 
RSS measurement is distributed in the time domain since it is measured at a certain time interval on a terminal device. Thus, it can be expressed as:
where, RSS n t m is the received signal strength from nth BS at t m . The conventional fingerprinting database consists of the RP coordinate and the RSS values at that point as Equation (1) . The conventional fingerprinting methods compare the instantaneous RSS data (RSS 1:n t m ) at time t m with the RSS vector on each RP, so it is possible to compute a location. Given that the RSS pattern measured on time domain cannot be compared with the RSS pattern on the database distributed in the spatial domain, the measured RSS data should be converted into a spatial domain. To do this, the proposed fingerprinting method utilizes the pedestrian step length estimation algorithm already proposed in an earlier study [24] , where step length is modeled as a linear combination of the acceleration amplitude, walking frequency, and sway angle at every step. The SC method estimates the walking distance d by accumulating the step length and accumulates the measured RSS according to the walking distance as given in Figure 3 . Thus, the Surface can be expressed as:
where, m is the number of steps, S is the Surface at walking distance d m and RSS n d m is the received signal strength from nth BS at walking distance d m . The proposed fingerprinting method estimates location by correlating the RSS pattern on the reference trajectory with the measured Surface. The reference RSS pattern generated from the fingerprinting database also forms a Surface as in Equation (3) 
where, is the received signal strength from nth BS at . The conventional fingerprinting database consists of the RP coordinate and the RSS values at that point as Equation (1) . The conventional fingerprinting methods compare the instantaneous RSS data ( : ) at time with the RSS vector on each RP, so it is possible to compute a location. Given that the RSS pattern measured on time domain cannot be compared with the RSS pattern on the database distributed in the spatial domain, the measured RSS data should be converted into a spatial domain. To do this, the proposed fingerprinting method utilizes the pedestrian step length estimation algorithm already proposed in an earlier study [24] , where step length is modeled as a linear combination of the acceleration amplitude, walking frequency, and sway angle at every step. The SC method estimates the walking distance d by accumulating the step length and accumulates the measured RSS according to the walking distance as given in Figure 3 . Thus, the Surface can be expressed as:
where, m is the number of steps, S is the Surface at walking distance and is the received signal strength from nth BS at walking distance . The proposed fingerprinting method estimates location by correlating the RSS pattern on the reference trajectory with the measured Surface. The reference RSS pattern generated from the fingerprinting database also forms a Surface as in Equation (3) by calculating the Euclidean distance between the adjacent RPs. 
Surface Correlation
The Surface Correlation is the process of determining a location by calculating the similarity between the measured and reference RSS patterns. The similarity is expressed as a Surface Similarity Distance (SSD) and calculated as follows: 
The Surface Correlation is the process of determining a location by calculating the similarity between the measured and reference RSS patterns. The similarity is expressed as a Surface Similarity Distance (SSD) and calculated as follows:
where i is the epoch of RP on a generated reference trajectory and m is the number of BS. ρ i is the SSD for ith calculation, S Meas is the measured Surface, and S DB is the RSS pattern on the reference trajectory. L is the number of RPs in the reference trajectory and w is the number of samples on the Surface during the time of walking distance D, that is, the number of estimated steps. To calculate the similarity distance, the number of RPs selected in the reference trajectory should be equal to the number of samples in the measured Surface during the period of walking distance D, which is not usually possible. This is because the step length of a pedestrian and the interval between the RPs is not equal. To solve this problem, we generate a virtual Surface equal to the number of RPs within distance D through linear spacing as shown in Figure 4 . The virtual Surface is utilized for the calculation of SSD as shown in Figure 5a . The ith RP coordinate with the minimum ρ i is considered as the current location as shown in Figure 5b . Surface during the time of walking distance D, that is, the number of estimated steps. To calculate the similarity distance, the number of RPs selected in the reference trajectory should be equal to the number of samples in the measured Surface during the period of walking distance D, which is not usually possible. This is because the step length of a pedestrian and the interval between the RPs is not equal. To solve this problem, we generate a virtual Surface equal to the number of RPs within distance D through linear spacing as shown in Figure 4 . The virtual Surface is utilized for the calculation of SSD as shown in Figure 5a . The ith RP coordinate with the minimum is considered as the current location as shown in Figure 5b . 
Generation of Reference Trajectory
For accurate localization using the proposed surface correlation method, it is essential to generate a reference trajectory that matches the pedestrian's route. This is because it is necessary to compare the measured RSS pattern with the reference RSS pattern that matches the movement route to make accurate localization possible. The reference trajectory is generated by combining links adjacent to the link where a pedestrian is currently located; therefore, it is very important to determine the link where the pedestrian is currently located. It is possible with substantial accuracy Surface during the time of walking distance D, that is, the number of estimated steps. To calculate the similarity distance, the number of RPs selected in the reference trajectory should be equal to the number of samples in the measured Surface during the period of walking distance D, which is not usually possible. This is because the step length of a pedestrian and the interval between the RPs is not equal. To solve this problem, we generate a virtual Surface equal to the number of RPs within distance D through linear spacing as shown in Figure 4 . The virtual Surface is utilized for the calculation of SSD as shown in Figure 5a . The ith RP coordinate with the minimum is considered as the current location as shown in Figure 5b . 
For accurate localization using the proposed surface correlation method, it is essential to generate a reference trajectory that matches the pedestrian's route. This is because it is necessary to compare the measured RSS pattern with the reference RSS pattern that matches the movement route to make accurate localization possible. The reference trajectory is generated by combining links adjacent to the link where a pedestrian is currently located; therefore, it is very important to determine the link where the pedestrian is currently located. It is possible with substantial accuracy in an environment with good GNSS conditions, but quite difficult in a complex urban area. In this 
For accurate localization using the proposed surface correlation method, it is essential to generate a reference trajectory that matches the pedestrian's route. This is because it is necessary to compare the measured RSS pattern with the reference RSS pattern that matches the movement route to make accurate localization possible. The reference trajectory is generated by combining links adjacent to the link where a pedestrian is currently located; therefore, it is very important to determine the link where the pedestrian is currently located. It is possible with substantial accuracy in an environment with good GNSS conditions, but quite difficult in a complex urban area. In this study, we determine the link where a pedestrian is currently located without GNSS. There are two steps to determine the required link: (1) Generation of reference trajectory in an initial phase; (2) Generation of reference trajectory after the initial phase.
Generation of Reference Trajectory in Initial Phase
Since there is no location information in the initial phase of localization, the current link should be determined using only PCI information and RSS measurement from a terminal device. At first, the proposed fingerprinting method selects candidate links using only PCI information, and then generates reference trajectories using the selected links. A reference trajectory is fixed by correlation the measured RSS pattern and the RSS patterns on the generated reference trajectories. In other words, SSD is the criterion not only for determining the similarity between the RSS patterns, but also for selecting the actual trajectory where the current pedestrian is located among the generated multiple reference trajectories. The detail of this process is given in Figure 6 . generates reference trajectories using the selected links. A reference trajectory is fixed by correlation the measured RSS pattern and the RSS patterns on the generated reference trajectories. In other words, SSD is the criterion not only for determining the similarity between the RSS patterns, but also for selecting the actual trajectory where the current pedestrian is located among the generated multiple reference trajectories. The detail of this process is given in Figure 6 .
Step 1: Generate reference trajectories as follows:
• Find and select n candidate links including measured PCI from the fingerprinting database.
• For each of the selected candidate links, generate bi-directional 2n reference.
• If the estimated walking distance D is larger than the shortest reference trajectory L before checking Minimum ρ < β, generate new reference trajectories by combining links connected with the current reference trajectory. Only the newly generated reference trajectories matching with estimated turn event (left, right, or straight) from the Pedestrian Dead-Reckoning (PDR) are used for the correlation process.
Step 2: Calculate the SSD on each reference trajectory using Equation (4).
Step 3: When the pedestrian moves over a certain distance (α) and the SSD value is stable (Minimum ρ < β), the reference trajectory with the minimum SSD is fixed and the location is estimated on the fixed reference trajectory. 
Generation of Reference Trajectory after Initial Phase
After the initial reference trajectory is fixed, a new reference trajectory is again generated by combining the current reference trajectory and the adjacent links. A reference trajectory is fixed for the moving direction and the route of the pedestrian by correlating the newly generated reference trajectories. Specifically, the walking direction is estimated by selecting a reference trajectory between the initial bidirectional links, not in the absolute direction from PDR. Let us assume that the pedestrian moves as shown in Figure 7a ; measured Surface during the movement is shown in Figure   Figure 6 . Flow chart for the generation of reference trajectory at the initial phase.
Step 3: When the pedestrian moves over a certain distance (α) and the SSD value is stable (Minimum ρ < β), the reference trajectory with the minimum SSD is fixed and the location is estimated on the fixed reference trajectory.
After the initial reference trajectory is fixed, a new reference trajectory is again generated by combining the current reference trajectory and the adjacent links. A reference trajectory is fixed for the moving direction and the route of the pedestrian by correlating the newly generated reference trajectories. Specifically, the walking direction is estimated by selecting a reference trajectory between the initial bidirectional links, not in the absolute direction from PDR. Let us assume that the pedestrian moves as shown in Figure 7a ; measured Surface during the movement is shown in Figure 7b In the initial phase, the proposed method fixes a reference trajectory based on the minimum SSD. After the initial phase, it fixes a reference trajectory based on the ratio of SSDs as shown in Equation (5) below:
where is the minimum SSD between the reference trajectories and is the second smallest value of the SSD. The values of SSDs change after the pedestrian has passed a crossroad as shown in Figure  9 (a). The reason why the ratio R has a value 1 before the crossroad is that the reference trajectory 1 and the reference trajectory 2 have a common current reference trajectory. As shown in Figure 9b , after the crossroad, R increases because of the difference between the measured RSS pattern and the reference RSS patterns. Therefore, it is possible to fix a reference trajectory that matches the pedestrian's walking route using only a threshold for the ratio of SSDs. After fixing the reference trajectory, new reference trajectories are generated by combining links with the fixed reference trajectory again. In the initial phase, the proposed method fixes a reference trajectory based on the minimum SSD. After the initial phase, it fixes a reference trajectory based on the ratio of SSDs as shown in Equation (5) below:
where ρ 2 is the minimum SSD between the reference trajectories and ρ 1 is the second smallest value of the SSD. The values of SSDs change after the pedestrian has passed a crossroad as shown in Figure 9a . The reason why the ratio R has a value 1 before the crossroad is that the reference trajectory 1 and the reference trajectory 2 have a common current reference trajectory. As shown in Figure 9b , after the crossroad, R increases because of the difference between the measured RSS pattern and the reference RSS patterns. Therefore, it is possible to fix a reference trajectory that matches the pedestrian's walking route using only a threshold for the ratio of SSDs. After fixing the reference trajectory, new reference trajectories are generated by combining links with the fixed reference trajectory again.
the 
Localization
As mentioned before, the SC method selects the RP with the minimum SSD on the fixed reference trajectory as the current location. Figure 10b shows the result of localization according to the calculated similarity distance in Figures 9 and 10a . As shown in Figure 10b , it can be seen that a localization error occurs at the crossroad when the RP with the minimum similarity distance value is selected. A crossroad is a relatively open space; therefore, the RSS patterns between the reference trajectories are very similar. This increases ambiguity when compared with the measured Surface, resulting in a localization error. The proposed method gives a priority to the reference trajectory that 
As mentioned before, the SC method selects the RP with the minimum SSD on the fixed reference trajectory as the current location. Figure 10b shows the result of localization according to the calculated similarity distance in Figures 9 and 10a . As shown in Figure 10b , it can be seen that a localization error occurs at the crossroad when the RP with the minimum similarity distance value is selected. A crossroad is a relatively open space; therefore, the RSS patterns between the reference trajectories are very similar. This increases ambiguity when compared with the measured Surface, resulting in a localization error. The proposed method gives a priority to the reference trajectory that matches a turn event from the PDR to reduce ambiguity at a crossroad, which means that the location 
As mentioned before, the SC method selects the RP with the minimum SSD on the fixed reference trajectory as the current location. Figure 10b shows the result of localization according to the calculated similarity distance in Figures 9 and 10a . As shown in Figure 10b , it can be seen that a localization error occurs at the crossroad when the RP with the minimum similarity distance value is selected. A crossroad is a relatively open space; therefore, the RSS patterns between the reference trajectories are very similar. This increases ambiguity when compared with the measured Surface, resulting in a localization error. The proposed method gives a priority to the reference trajectory that matches a turn event from the PDR to reduce ambiguity at a crossroad, which means that the location is estimated from the reference trajectory that corresponds to a turn event from the PDR. However, various motions of the pedestrian can cause a false turn event reading of the PDR. To prevent this, the proposed method continuously calculates SSDs for all the generated reference trajectories until one of them is fixed. If the fixed reference trajectory is different from the turn event matched trajectory, localization is processed on the fixed reference trajectory. In this paper, we set a threshold to fix a reference trajectory as 1.16 to reduce the error of the PDR turn event at a crossroad. In addition to the left and right turn of a pedestrian, the event of turning back on a link should also be considered. The SC method generates a reference trajectory through a combination of links. Therefore, when the pedestrian is moving as shown in Figure 11a , the SC method computes the location using a reference trajectory comprising a combination of L1, L2, and candidate L3 before the turn back event. It is possible to generate a reference trajectory by combining L1, L2, L2' and L1'. But, in this case, it is impossible to perform an accurate comparison between Surfaces because the reference trajectory contains RPs that the pedestrian did not actually pass. It is very difficult to determine an exact RP at the time of turn event; thus, it is also impossible to divide L2 and L2' to generate a reference trajectory.
(a) (b) Figure 10 . The problem of localization using the minimum SSD at a cross point: (a) SSD of each reference trajectory at a crossroad; (b) Localization error and compensation using Pedestrian Dead-Reckoning (PDR) turn event.
In addition to the left and right turn of a pedestrian, the event of turning back on a link should also be considered. The SC method generates a reference trajectory through a combination of links. Therefore, when the pedestrian is moving as shown in Figure 11a , the SC method computes the location using a reference trajectory comprising a combination of L1, L2, and candidate L3 before the turn back event. It is possible to generate a reference trajectory by combining L1, L2, L2' and L1'. But, in this case, it is impossible to perform an accurate comparison between Surfaces because the reference trajectory contains RPs that the pedestrian did not actually pass. It is very difficult to determine an exact RP at the time of turn event; thus, it is also impossible to divide L2 and L2' to generate a reference trajectory. location using a reference trajectory comprising a combination of L1, L2, and candidate L3 before the turn back event. It is possible to generate a reference trajectory by combining L1, L2, L2' and L1'. But, in this case, it is impossible to perform an accurate comparison between Surfaces because the reference trajectory contains RPs that the pedestrian did not actually pass. It is very difficult to determine an exact RP at the time of turn event; thus, it is also impossible to divide L2 and L2' to generate a reference trajectory. For these reasons, the SC method performs an initialization process that resets both the measured Surface and the current reference trajectory when a turn back event occurs as shown in Figure 11b . However, the resetting of the measured Surface may cause ambiguity as in conventional fingerprinting methods as Figure 11c and d. The length of the Surface is a very important factor in identifying the reliability of the location information through SC, along with the SSD. To mitigate the unstable performance due to the ambiguity after the turn event, the SC method fixes the reverse component of a current link as the reference trajectory and an RP as a start point when the turning event occurs. Then, it determines the location using length of the Surface until its length (l
) is greater than the length of the previous Surface (l − 
Experiments and Results
Test Environment
To verify the proposed fingerprinting method, we performed tests in Barcelona's old districts with a common commercial smartphone as shown in Figure 12 . Before the test, we constructed a fingerprinting database consisting of 20 links and 13 nodes through several surveys of the test area.
To verify the proposed fingerprinting method, we performed tests in Barcelona's old districts with a common commercial smartphone as shown in Figure 12 . Before the test, we constructed a fingerprinting database consisting of 20 links and 13 nodes through several surveys of the test area. As shown in Figure 13a , four BSs are available on average on each link. Over 10 BSs were available in a square or a relatively wide alley, but only one BS was available in narrow alleys. In addition, measured RSS detected as very low in most RPs, as shown in Figure 13b . As shown in Figure 14a and b, tests were performed in two scenarios as follows: (1) From an open space into a narrow alley; (2) From the narrow alley to an alley. In order to analyze the performance in each scenario, localization results from PDR were corrected by applying a map-matching algorithm and it was considered as a true location. Collected data from the smartphone were as follows: As shown in Figure 13a , four BSs are available on average on each link. Over 10 BSs were available in a square or a relatively wide alley, but only one BS was available in narrow alleys. In addition, measured RSS detected as very low in most RPs, as shown in Figure 13b . As shown in Figure 14a and b, tests were performed in two scenarios as follows: (1) From an open space into a narrow alley; (2) From the narrow alley to an alley. In order to analyze the performance in each scenario, localization results from PDR were corrected by applying a map-matching algorithm and it was considered as a true location. Collected data from the smartphone were as follows: 
Performance Analysis according to the Length of Surface
The length of the Surface is the most important factor determining the performance of the proposed fingerprinting method. As its length increases, the performance of the proposed method becomes more robust against signal noise and distortion, and the ambiguity can be reduced while performing a comparison with the RSS pattern. On the other hand, the following problems may occur as the length of the Surface increases:
• Drift error of walking distance from PDR The walking distance is calculated by accumulating the step lengths from the PDR, and the Surface is constructed based on this distance. Drift error of the walking distance induces a localization error when comparing the measured Surface with the reference RSS pattern.
• Sensitivity degradation in fixing reference trajectory at crossroad As the length of Surface increases, the proportion of the RSS pattern to the common reference trajectory is higher than that of the RSS pattern after a crossroad. As a result, the similarity of RSS patterns between reference trajectories increases and the ratio of correlation coefficient becomes smaller. This serves as a delay in fixing the reference trajectory, which may lead to a problem of fixing the previous reference trajectory beyond the next crossroad.
We selected the optimal length by comparing the localization errors for different lengths of Surface. In order to correctly analyze the accuracy according to the length of the Surface, localization was performed only for the reference path in Figure 8b while the pedestrian moved as shown in 
We selected the optimal length by comparing the localization errors for different lengths of Surface. In order to correctly analyze the accuracy according to the length of the Surface, localization was performed only for the reference path in Figure 8b while the pedestrian moved as shown in Figure 7a . As shown in Figure 15 , accuracy improves as the length of the Surface increases up to 72 m. The accuracy decreases as the length increases more than 72 m. Therefore, we selected 72 m as the maximum length of the Surface in this study. In addition, a reference trajectory was set to be combined with up to three links considering the length of the Surface and that of the shortest link. This limitation also has the effect of bounding the increase of computation complexity in the comparison between measured Surface and reference patterns.
Test Result from Open Space into Narrow Alley
In this scenario, a test was performed in an open space with good GNSS conditions and LTE environment as shown in Figure 13 . To verify the performance of the proposed fingerprinting method, we compared its result with the GPS, the conventional fingerprinting method (kNN), and a Particle Filter (PF) as shown in Figure 16 . We set the k as 5 to estimate the location from the kNN fingerprinting method. We utilized the heading and stride information from PDR on a resampling process of the PF for the particle propagation. Additionally, 150 particles were used to compute the location. As shown in Figure 16a -d, the kNN-based fingerprinting and PF show a relatively stable performance in a region with good LTE environment. However, in a region with poor LTE signal environment, the performance is very unstable due to increased ambiguity. The GPS showed a relatively stable performance when entering a narrow alley after convergence of performance in open space. However, it can be seen that a multipath effect on the satellite signal in the alley deviates it substantially from the actual route. The SC method shows a very stable performance on the overall test route. However, at the initial stage of the test, we confirmed that the location was matched to a different link than the actual link, just like the kNN as in Figure 17a . As shown in Figure 17b , this is because the RSS pattern for the two reference trajectories is very similar near the starting point and sufficient RSS pattern is not accumulated for ambiguity reduction. It can be seen that the localization result is very stable after 35 m point where the RSS pattern is accumulated sufficiently and ambiguity decreases. Except for the initial phase, we can confirm that the SC-based fingerprinting method is very stable and accurate in most areas as demonstrated in Figure 18a The accuracy decreases as the length increases more than 72 m. Therefore, we selected 72 m as the maximum length of the Surface in this study. In addition, a reference trajectory was set to be combined with up to three links considering the length of the Surface and that of the shortest link. This limitation also has the effect of bounding the increase of computation complexity in the comparison between measured Surface and reference patterns.
In this scenario, a test was performed in an open space with good GNSS conditions and LTE environment as shown in Figure 13 . To verify the performance of the proposed fingerprinting method, we compared its result with the GPS, the conventional fingerprinting method (kNN), and a Particle Filter (PF) as shown in Figure 16 . We set the k as 5 to estimate the location from the kNN fingerprinting method. We utilized the heading and stride information from PDR on a resampling process of the PF for the particle propagation. Additionally, 150 particles were used to compute the location. As shown in Figure 16a -d, the kNN-based fingerprinting and PF show a relatively stable performance in a region with good LTE environment. However, in a region with poor LTE signal environment, the performance is very unstable due to increased ambiguity. The GPS showed a relatively stable performance when entering a narrow alley after convergence of performance in open space. However, it can be seen that a multipath effect on the satellite signal in the alley deviates it substantially from the actual route. The SC method shows a very stable performance on the overall test route. However, at the initial stage of the test, we confirmed that the location was matched to a different link than the actual link, just like the kNN as in Figure 17a . As shown in Figure 17b , this is because the RSS pattern for the two reference trajectories is very similar near the starting point and sufficient RSS pattern is not accumulated for ambiguity reduction. It can be seen that the localization result is very stable after 35 m point where the RSS pattern is accumulated sufficiently and ambiguity decreases. Except for the initial phase, we can confirm that the SC-based fingerprinting method is very stable and accurate in most areas as demonstrated in Figure 18a 
Test Result from Narrow Alley to Alley
In order to verify the performance in an area where the LTE environment is poor, the test was performed with the same route as shown earlier in Figure 14b . This test area had only one available BS as seen in Figure 13a , and also had poor GPS signal conditions as shown in Figure 19a . The estimated initial location from GPS was at origin because it did not receive satellite signal at the beginning of the test. In the case of the kNN and the PF, localization was almost impossible in areas where the LTE environment was very poor with a few BSs while the SC shows a stable and accurate performance as seen in Figures 19b through 19d . In test scenario 2, there was only one available BS; therefore, 24 more steps were needed to stabilize the performance than in test scenario 1 as shown in Figure 20 . The RMSE of the GPS is 18.52 m and the kNN is 53.04 m, respectively. The PF shows RMSE at 31.73 m while the SC-based fingerprinting method shows it at 7.85 m except for the initial phase error. The test results for the above two scenarios are summarized in Table 1 , and they can confirm that our proposed method shows better or similar performance with GPS even in a poor LTE environment. Especially, the availability of the RF coverage is definitely improved by utilizing the accumulated RSS pattern visible in the results of scenario 1 and scenario 2 with different LTE environmental conditions. This implies that it is possible to maintain a high performance with only a small number of BSs using the proposed fingerprinting method even in urban areas. 
In order to verify the performance in an area where the LTE environment is poor, the test was performed with the same route as shown earlier in Figure 14b . This test area had only one available BS as seen in Figure 13a , and also had poor GPS signal conditions as shown in Figure 19a . The estimated initial location from GPS was at origin because it did not receive satellite signal at the beginning of the test. In the case of the kNN and the PF, localization was almost impossible in areas where the LTE environment was very poor with a few BSs while the SC shows a stable and accurate performance as seen in Figure 19b -d. In test scenario 2, there was only one available BS; therefore, 24 more steps were needed to stabilize the performance than in test scenario 1 as shown in Figure 20 . The RMSE of the GPS is 18.52 m and the kNN is 53.04 m, respectively. The PF shows RMSE at 31.73 m while the SC-based fingerprinting method shows it at 7.85 m except for the initial phase error. The test results for the above two scenarios are summarized in Table 1 , and they can confirm that our proposed method shows better or similar performance with GPS even in a poor LTE environment. Especially, the availability of the RF coverage is definitely improved by utilizing the accumulated RSS pattern visible in the results of scenario 1 and scenario 2 with different LTE environmental conditions. This implies that it is possible to maintain a high performance with only a small number of BSs using the proposed fingerprinting method even in urban areas. 
Conclusions
Accurate localization in urban areas still is a challenging task even with GNSS. In this paper, we proposed a surface correlation based fingerprinting method using LTE signals in urban areas. The surface correlation method compares the spatial RSS pattern of the pedestrian movement with a fingerprinting database. For this comparison of patterns, it generates a reference trajectory from the fingerprinting database that matches the walking path of a pedestrian. Accuracy and stability of the localization performance can be improved through the comparison between the RSS patterns. Moreover, the proposed method provides spatial discrimination for a signal of very low strength, so the scope of applying localization is very wide. The test results show that the performance, measured in terms of accuracy, stability, and robustness, of the proposed method is similar or better than that of GPS even in the narrow alleys of an urban area. Additionally, it is expected that its combination 
Accurate localization in urban areas still is a challenging task even with GNSS. In this paper, we proposed a surface correlation based fingerprinting method using LTE signals in urban areas. The surface correlation method compares the spatial RSS pattern of the pedestrian movement with a fingerprinting database. For this comparison of patterns, it generates a reference trajectory from the fingerprinting database that matches the walking path of a pedestrian. Accuracy and stability of the localization performance can be improved through the comparison between the RSS patterns. Moreover, the proposed method provides spatial discrimination for a signal of very low strength, so the scope of applying localization is very wide. The test results show that the performance, measured in terms of accuracy, stability, and robustness, of the proposed method is similar or better than that of GPS even in the narrow alleys of an urban area. Additionally, it is expected that its combination with GNSS will make it more seamless and make accurate localization possible in urban areas. The surface correlation method is applicable not only to LTE, but also to most RF signals that can be measured in signal strength such as Wi-Fi, Bluetooth, and 5G; hence, it can be applied not only to urban areas but also to various environments, such as underground or indoors. 
